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Abstract- Adaptive behaviors often emerge through in- 
teractions between adjacent neighbors in dynamic sys- 
tems, such as social and economic systems. In many cases, 
an individual’s behaviors can be modeled by a stimulus- 
response system in a dynamic environment. In this pa- 
per, we use the Iterated Prisoner’s Dilemma (IPD) game, 
which is simple yet capable of dealing with complex prob- 
lems, to model a dynamic system such as social or eco- 
nomic systems. We investigate coalitions consisting of 
many players and their emergence in a co-evolutionary 
learning environment. We introduce the concept of con- 
fidence for players in a coalition and show how such con- 
fidences help to improve the generalization ability of the 
whole coalition. Experimental results will be presented to 
demonstrate that co-evolutionary learning with coalitions 
and player confidences can produce IPD game-playing 
strategies that generalize well. 

1 Introduction 

Conventional machine learning techniques in artificial intelli- 
gence have been focused on system optimization. They may 
not be suitable for studying adaptive behaviors in a dynamic 
system. An individual’s behaviors in a social or economic 
system are dynamic, complex and often very difficult to for- 
malize and understand. The game-theoretic approach ha? 
been used extensively in the study of social and economic 
systems 111. However, only relatively simple models have 
been dealt with in order to make the models mathematically 
tractable. The evolutionary approach provides an excellent 
alternative to modeling and understanding more realistic and 
complex dynamic systems because it makes few assumptions 
about the model studied. It relies heavily on computational 
simulations rather than mathematical proofs. 

The Iterated Prisoner’s Dilemma (IPD) game and its vari- 
an& have been used widely in modeling various social and 
economic phenomena [ 11. It has also been used to study co- 
evolutionary learning under various conditions [3, 41, where 
the primary purpose is not to model a dynamic system but to 
study how co-evolution can be used in learning novel strate- 
gies [5,8,9]. For example, co-evolutionary learning of strate- 
gies for N ( N  > 2) player IPD games has been studied exten- 
stively [3,4]. The impact of the group size N and the history 
length of the N player game on the evolved strategies was 

also studied. Recently, a new approach to automatic design 
of modular learning systems has been proposed based on a 
combination of co-evolutionary learning and fitness sharing 
[8, 91. The IPD games with multiple choices of coopera- 
tion levels and reputation for each player have introduced a 
new dimension to the study of co-evolutionary learning and 
brought the IPD game one step closer to the real life situations 
1101. 

In our previous work on evolving coalitions in the IPD 
game, we focused on the issue of local interaction [ l l ,  121. 
This paper investigates the issue of generalization in a co- 
evolutionary learning system using the IPD game as an ex- 
ample. This issue was first closely examined in [5] using 
the classical 2 player IPD game. We will show in this paper 
how the generalization ability of a coalition can be improved 
through player’s confidences. 

A coalition, motivated to get more payoff or survive for 
long time, consists of better performing players extracted 
from the population. Each player is assigned a confidence 
within the coalition, which influences how much say the 
player has in determining the next move for the coalition. 
Since different players may be better at dealing with differ- 
ent opponents [9], they should have different confidences in 
dealing with different opponents. In this paper, confidences 
of players are adapted through evolutionary learning automat- 
ically. They are not pre-defined or fixed. 

The rest of this paper is organized a? follows: section 2 in- 
troduces the IPD game and the co-evolutionary approach to it. 
The representation of IPD game strategies is given. Section 
3 explains strategy coalitions in the IPD game and how they 
are formed in evolution. Section 4 introduces the concept of 
player confidence and describes how to evolve player confi- 
dences within a coalition so that the generalization ability of 
the whole coalition can be improved. Section 5 presents the 
experimental results. Finally, section 6 concludes the paper 
with a brief summary of the paper and a few remarks. 

2 Evolutionary Approach to Iterated Prisoner’s 
Dilemma Games 

2.1 Iterated Prisoner’s Dilemma Games 

In the 2 player IPD game 111, each player can choose one 
of the two choices, defection (D) or cooperation (C). Table 1 
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shows the payoff matrix of the 2 player IPD game. The game 
is non-zerosum and non-cooperative. One player’s gain may 
not be the same as the other player’s loss. There is no commu- 
nications between the two players. The game can be repeated 
infinitely. None of the players knows when the game is sup- 
posed to end. 

Table 1: Payoff matrix of the 21PD game. T > R > P > S, 
2 R > T + P  

Cooperate Defect 
Cooperate R S 

Defect T P 

According to the conditions given in Table 1, if the game 
is played for one round only, the optimal strategy is defi- 
nitely defection (D). However, if the game is played for many 
rounds, mutual defection (D) may not be the optimal strat- 
egy. Mutual cooperation (C) will perform better than mutual 
defection for iterated IPD games. There has been a great deal 
of work in game theories investigating the optimal strategy 
for the 2 player game under various conditions [ 11. The fo- 
cus of this paper will be on co-evolutionary learning and the 
generalization ability of learned strategies. 

2.2 Representation of Strategies 

The evolutionary approach to strategy learning for the 2IPD 
game was popularized by Axelrod 121. One of the most im- 
portant issues in evolving game-playing strategies is their rep- 
resentation. There are two different possible representations 
for N player IPD games ( N  > 2) [3, 41. One is based on 
a generalization of Axelrod’s representation scheme for the 
2 player game. For the N player game, this scheme en- 
codes additional information that should not be made avail- 
able to players. It also scales poorly.. Another representation 
scheme avoids these two problems and has been used widely 
for studying N player games [3,41. For 2 player games, these 
two representations are equivalent. This paper only uses the 
2 player game. 

Each genotype in our representation is a lookup table that 
covers every possible history of the last few steps. History 
in a game is represented as a binary string of 21 bits, where 
the first 1 bits represent the player’s own previous 1 actions 
(most recent to the left, oldest to the right), and the other 1 
bits represent the previous actions of the other player. For 
example, during a game with a remembered history of 2 steps, 
i.e., 1 = 2, one player might see this history: 

1 = 2: Example history 11 01 
The first 1 bits, 11, means this player has defected (an ‘1’) 
for both of the previous 1 = 2 steps, while the opponent has 
cooperated (0) on the most recent step, and defected (1) on 
the step before, as represented by 01. 

For the game remembering 1 previous steps, there are 2” 
possible histones. The genotype therefore contains an ac- 

tion (cooperate ”0”. or defect ’’1”) for each for these possible 
histories. So we need at least 2” bits to represent a strat- 
egy. At the beginning of the game, there are no previous 
E steps of play from which to look up next action, so each 
genotype should also contain its own extra bits that define 
the presumed pre-game moves. The total genotype length is 
therefore 221 + 21 bits. 

3 Evolving Coalition of Strategies 

Each player in the IPD game can be defined by the model 
given in Table 2. It describes all the information available to 
the player in deciding hidher next move. In the Table 2, ID 
is assigned to each agent and unique identifier, and History is 
a memory to remember previous moves. Strategy is a lookup 
table for his next move. Each agent has these three properties 
but other properties are true for the agent that belongs to a 
coalition. BelongTo is a information of coalition that he be- 
longs to, and Confidence is related to his status within coali- 
tion, which is determined by his rank. If confidence is high, 
his decision can have much effect on coalition’s decision. 

Table 2: Player model for the 2 player game with coalitions. 

Property Role 
ID unique identifier 
History previous moves 
Strategy next move 
BelongTo info. of coalition 
Confidence rate of participating 

Rank rank within coalition 
in moves within coalition 

3.1 Forming Coalitions 

CO-evolutionary learning may not provide robust strategies 
which generalize well [5]. Evolved strategies may overfit 
to their current population and perform poorly against good 
strategies that are not present in the current population [5,91. 
One effective approach to tackle this problem and improve 
generalization of co-evolutionary learning is to automatically 
learn a group of cooperative strategies, each of which is a 
specialist in dealing with a certain type of opponents, so that 
the whole group becomes very robust generalizes well [8,9]. 
Since such groups and specialists within a group are evolved, 
not partitioned manually, this approach can be regarded as a 
method of automatic design of modular systems, where each 
module consists of similar specialists [8,9]. 

In this paper, a different method for evolving a group of 
strategies (i.e., a coalition in this paper) is proposed. It uses 
the idea of confidence of an player in a coalition. A player’s 
confidence is not pre-defined and fixed, but evolved. A player 
may have different confidences in dealing with different op- 
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ponents. A player is allowed to be able to take part in the 
next move of coalition at the rate of his confidence. In other 
words, coalition’s next move can be determined by all play- 
ers’ confidences. 

Three conditions must be satisfied for two strategies to be 
in the same coalition: 

1. Both strategies are better strategies (his fitness is higher 
than 1.2 times the average fitness of population) and the 
result of a game between them is harmful (his score is 
lower than 0.8 times the average fitness of population) 
to them. 

2. Both strategies are better strategies and combining of 
them results in good interest (his score is higher than 
1.2 times the average fitness of population). 

3. The two strategies are different. 

The IPD game with coalitions is played according to the 
procedure given in Figure 1. During each generation of evo- 
lution, the 2 player game is played between two randomly 
selected players. Round robin games are played in each gen- 
eration. A player can play against a coalition. Also, there 
are games between coalitions. After a game, new coalition 
may be formed. Two players can form a coalition. A player 
can also join an existing coalition if its fitness is higher than 
the coalition’s threshold. In the case of games between coali- 
tions, there is no change in each coalition except for fitness. 

OP Condition. 

Figure 1: The 2 player IPD game with coalitions. 

Once a player has joined a coalition, players within the 
coalition (including the new one) will play IPD games in 
round-robin. For IC players in a coalition, a total of k(k- 1)/2 

games will be played. If the total number of players (i.e., 
I C )  is greater than a pre-defined maximum coalition size, the 
weakest player (in terms of the total payoff hehhe obtained 
in all round-robin games) will be removed from the coali- 
tion, as shown in Figure 2. All players within a coalition are 
ranked (sorted) according to the total payoff hdshe obtained 
in all round-robin games. A player’s confidence is assigned 
in proportion to hisher ranking in the coalition. Here, sum 
of confidences is 1. For example, if there are four players, 
confidences will be 0.8, 0.9 1.1 1.2. The confidence plays 
an important role in determining the player’s impact on the 
coalition’s next move. 

d L ,  Fitness of  Agent *, Confidence o f  Agent ( I d ,  
Remove 

Determine Rank and 
Confidence of Agent 

Figure 2: Coalition forming during evol-ion. 

Figure 3 shows how to combine confidences of different 
players in a coalition to produce the coalition’s next move. 
In Figure 3, 0 indicates opponent’s moves and His indicates 
coalition’s moves in previous steps. In the figure, A,B,C and 
D are agents within a coalition and A, and Ad is agent’s next 
move, reflected his confidence, for given history. For exam- 
ple, if A’s next move is cooperation, A, is 1 x A’s confidence 
and Ad is 0. There is no weight in input to agent. 

3.2 Evolution of Coalitions 

Coalitions may be formed or removed from a population dur- 
ing evolution. In our experiments, coalition below the av- 
erage fitness of players in a population will be removed. 
In addition to coalition formation as described previously, 
new coalition may also be generated by crossover of exist- 
ing coalitions. Crossover of coalitions is done by exchanging 
same number of players, as shown in Figure 4. 
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Figure 3: Combining confidences of multiple players within 
coalition. 

Coalition A Coalition B 

Bdore 
Crossover 

Figure 4: Crossover used in evolving coalitions. 

It is important to point out that a player will only exist in 
the coalition once it  has joined in. As a result, only weak 
players will be in the population without belonging to any 
coalitions (separate from the population). Strong players will 
have joined coalitions. New players in the population are gen- 
erated by recombining players from coalitions. We do not use 
weak players in the population to generate new players. Fig- 
ure 5 shows how to generate new players from those already 
in coalitions. 

Figure 5: Generating new players by mixing players in coali- 
tions. 

4 Gating Strategies in Coalitions 

Each player has a confidence to take part in deciding coali- 
tion’s next move. If the confidence is fixed, a coalition will 
have fixed behaviors regardless what kind of opponent7 it 
may have. Such a coalition can be represented by a single 
player and thus is not very interesting for us. We would like 
to adjust player’s confidence dynamically for different oppo- 
nents so that the coalition can make best use of different play- 
ers within the coalition according to different types of oppo- 
nents. This motivation is the same as that discussed in some 
previous work [13]. 

4.1 Adjusting Player Confidences 

To improve the generalization ability of a coalition, tech- 
niques such as opponent modeling and gating can be used. 
Opponent modeling can be used to model and predict oppo- 
nent’s next move. Such prediction, if sufficiently accurate, 
can help the coalition to choose the optimal move. However, 
i t  is difficult to model opponent’s strategy accurately. Darwen 
and Yao [8,9] adopted a modularization approach to pool dif- 
ferent specialist players together and then used a gating algo- 
rithm to determine which specialist player should respond to 
an unseen opponent. 

In this paper, we use player confidences to decide which 
move should be taken by the coalition against an opponent. 
Population consists of coalitions that have different confi- 
dences, and coalition has same players as other players that 
are obtained during the evolution. A coalition has a history 
table for its own and its opponent’s moves and can use this 
information to change player confidences dynamically. Fig- 
ure 6 shows how player confidences are adjusted during evo- 
lution. Player confidences in a coalition are first randomly 
initialized as real numbers between 0 and 2. A condfidence 
table contains player confidences for all possible combina- 
tions of history. The training set for adjusting player confi- 
dences consists of several well known game-player strategies, 
such as TFT, Trigger, CDCD, etc [6,7]. 

During evolution, confidences performing well are se- 
lected from coalitions. Crossover mixes confidences between 
coalitions in the population. Mutation changes a specified 
confidence into a random real number between zero and two. 

5 Experimental Results 

The first experiment is designed to evolve coalitions using 
co-evolutionary learning and the second is to evolve player 
confidences so that coalitions can play adaptively against dif- 
ferent opponents. In our experiments, the payoff matrix used 
follows the one given in [5].  

5.1 Evolving Coalitions 

In our experiments, we used population size 50, crossover 
rate 0.6, mutation rate 0.001 and rank-based selection is used. 
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Figure 6: The evolution of confidences. 

A genetic algorithm with one-point crossover and elitism was 
adopted [ 141. For the 2 player game, the history length was 2. 
The maximum coalition size wa$lO and the maximum num- 
ber of coalitions is one third of the population size (i.e.,16). 
This is because there may remain few players in the popu- 
lations, when coalition For the experiments presented in this 
subsection, player confidences are fixed and not evolved. The 
evolution of player confidences will be considered in the next 
subsec ti on. 

Figure 7 shows the average fitness of coalitions for 4 runs 
during evolution. In the beginning of evolution, the average 
fitness of coalitions were well above the average fitness of 
players in the population. However, the difference decreased 
as time went by, because players in the population had grad- 
ually learned to deal with stronger coalitions. (Bear in mind 
that new players in the population were generated by recom- 
bining strong players from coalitions.). In other words, play- 
ers in the population also gradually evolve to adapt to their 
environment. 
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Figure 7: Average fitness of coalitions and players in the pop- 
ulation. Solid lines are for coalitions and dashed lines for 
players. 

Figure 8 shows similarity (i.e., convergence) among play- 
ers in the population. As shown by the figure, the population 

had more or less convereged after 100 generations. Coalitions 
may start disappearing from the population when their fitness 
is below individual players' fitness. 

1 
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Figure 8: Population convergence. 

In the above experiments, the coalition's next move is 
determined by players' weighted voting at a fixed rate 
(weight,here, corresponds to confidence). This means that a 
coalition's strategy against an opponent can be represented by 
a single player. A coalition may not be as fit as it should have 
been in comparison with individual players not in the coali- 
tion. Figure 9 shows the number of coalitions during evolu- 
tion. The number of coalitions could become very small or 
even zero as a result of fixed player confidences. 

n l  I " 
0 20 40 60 80 100 

Generation 

Figure 9: The number of coalitions in the evolution. 

5.2 Evolving Confidences 

In this experiment, we used the same experimental setup as 
before except that @,A) selection was used. The training set 
used in evolving player confidences consists of seven well- 
known strategies and a random strategy, as shown by Table 3. 

Figures 10 to 15 show the average fitness of evolved coali- 
tions and test players when they played against each other. It 
is clear that the coalitions learned to cooperate with coop- 
erators (including TIT, Trigger and TF2T), retaliate against 
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Table 3: Training set for evolving player confidences. 

Strategy Characteristics 
TFT initially cooperate, 

Trigger initially cooperate 
and then follow opponent 

once opponent defects, 
continuously defect 

TF2T similar TFT, but defect 
for opponent's 2 defection 

AllD always defect 
CDCD cooperate and defect 

over and over 
CCD cooperate and cooperate 

and defect 
ClODAll cooperate before 10 rounds 

and always defect after that 
Random random move 

2.55 

2.5 

2.45 

2.4 

2.35 

2.3 

2.25 

2.2 
0 20 40 60 80 100 120 140 

Generation 

Figure 10: Average fitness of coalitions. 

AIID, and beat the random player soundly. The coalitions 
also played at least as well as ClODall and CDCD by defeat- 
ing or tying with them. Regardless of opponents, the coali- 
tions could consistently achieve a high fitness value. 

To evaluate the generalization ability of coalitions with 
evolving confidences, we have selected 30 top ranked play- 
ers in a random population of 300 as the test set. Each player 
in the test set then plays against evolved coalitions in round- 
robin games for ten times, The test set is given by Table 4. 

In the test of generalization ability of coalitions, we al- 
lowed player confidences to vary with different opponents. 
Table 5 shows the performance of a player against the 30 test 
players. The second and third columns in Table 5 indicate 
that there is a significant improvement in coalitions' perfor- 
mance when player confidences are allowed to evolve. The 
second column indicates the results without the evolution of 
confidences and the third column indicates those with it. In 
general, coalitions' winning percentage has increased signif- 
icantly and the losing percentage decreased. In comparison 
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Figure 11: Average fitness of cooperators. 

1.042 1'044 i 
1.04 

1.038 

P) 1.036 

f 1.034 I\[ " ' 

v) 

c .- 
LL 
W 

2 

l : : : I ' ,  , , , , , 

1.028 
0 20 40 60 80 100 120 140 

Generation 

Figure 12: Average fitness of AllD Strategy. 

Generation 

Figure 13: Average fitness of CDCD strategy. 
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Table 4: 30 opponents in the test set, which were best per- 
formers from a population of 300 random players. 

History Lookup Table History Lookup Table 
1000 0111101111101110 1111 1101111001110011 
0100 1101111111110011 1100 010110011101oO01 
1000 11 11 11 10000001 11 01 11 001 11 11 101010010 

1.3 0111 0111111110110111 1111 0111011101010111 
1.25 1100 0111001101010011 1111 0101101100111100 

C 0001 0011010111111110 1101 0001000110011010 
al 1100 0001110110110010 0010 1101110011111101 
g 1.1 

1000 1101110011011101 1001 1001100101011oO0 
0010 1101101111000110 1000 1101000111101010 
1111 1111101100011011 0110 1001011001110110 
0110 0111010011011111 1011 0101111101110010 
1010 1011010111111100 0001 0011110111011o0o 
1101 1101000101011110 1110 011101010111oO01 
1100 1101011110111011 1011 0101011111110100 

1.35 

; 1.2 0001 1011111001011100 0111 1001110101010110 
E 1.15 

2 1.05 

0.9: 1 \ kL An , , , 1 0.9 
0 20 40 60 80 100 120 140 

Generation 

Figure 14: Average fitness of ClODall strategy. 
with players in the training set, the coalitions also performed 
quite well against the 30 test players. They only performed 
worse than AllD on average. They seemed to be more likely 
to tie a game than those players in the training set. This ap- 
pears to indicate that the coalitions have learned not to lose a 
game as its top priority. 

Table 5: Performance against opponent strategies 

Strategy Wins Ties Avg. Opp. Avg. 
Before 8.64f4.9 6f2.19 1.84f0.28 1.75f0.59 
After 18.55f0.5 4f0.63 2.16f0.07 0.92f0.29 
T l T 8  0 1.70 1.77 

TF2T 7 0 1.54 2.40 
AllD 30 0 2.17 0.7 

2 1.6 CDCD 0 0 1 .os 2.75 
E 1.4 CCD 0 0 0.9 1 3.34 

1.2 ClODall 27 0 1.97 1.12 
2 1  

0.6 

2.2 

2 

1.8 

Trigger 30 0 2.13 0.80 

c 

al 

f 
0.8 

We used a small fixed training set to evolve player confi- 
dences in this paper. This could lead to confidences that were 

0 20 40 60 80 100 120 140 over-specialized to the fixed training set. It is necessary to in- 
vestigate how representative the training set is and whether it 
has covered all the major types of different players. This will 
be one of our future work. We expect incremental evolution 
to play a role in co-evolutionary learning in further enhancing 
the generalization ability of evolved coalitions. 

0.4 

Generation 

Figure 15: Average fitness of the random strategy. 
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6 Conclusions 

Combining multiple players in a group can be a very effec- 
tive way of designing a learning system that generalizes well 
[8, 9, 161, this paper further supports that this is a good ap- 
proach. We have evolved coalitions consisting of a number 
of players in the IPD game. Each player in a coalition has a 
confidence which specifies how well hdshe is in dealing with 
an opponent. The confidence is not fixed. It is different for 
different opponents. 

Experiments have been carried out to compare players 
with and without adaptive confidences. It is found that using 
adaptive confidences can improve coalitions’ performance in 
testing significantly. Coalitions with adaptive player con- 
fidences can deal with very different opponents, regardless 
whether they are cooperators or defectors. 

Although we have used the 2-player IPD game in this pa- 
per, some of the results we have obtained may be applicable 
to more complex games. It will be very interesting to study 
the evolution of coalitions and confidences in a real world en- 
vironment. For example, i t  is interesting to investigate how 
coalitions could be formed among different countries in the 
world, how coalitions could be formed among different par- 
ties in a country, how coalitions could be formed in the com- 
mercial market, etc. Also, the results obtained from simulated 
simple game can be applied to play real on-line game in the 
network such as Tron [IS]. 
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